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Return Explanatory Ability and Predictability of Non-Linear

Market Models
Introduction
Asset pricing theory has identified the importance of the higher moments of return distributions beyond the variance in maximizing expected utility (Jean, 1971; and Scott and Horvath, 1980) and these insights have supported the use of higher-moment reformulations of the CAPM (Rubinstein, 1973) . Despite the extensive evidence on the pricing of higherorder systematic co-moments and recent research into higher-moment CAPM market models, surprisingly little has been documented concerning the return predictability performance of these models. The purpose of this paper is to examine the relative performance of the higher-moment CAPM market models and the two-moment linear CAPM (Sharpe, 1964) in explaining contemporaneous returns and predicting one-periodahead returns on individual stocks and various portfolio sorts. This paper is the first to investigate these issues and it contributes to the existing literature in the following three areas. First, the paper uses three innovative methodologies by which to evaluate the relative return predictability of the square (3-moment CAPM) and cubic (4-moment CAPM) market models. The methodologies involve the estimation of regressions of realised returns on the model predicted returns in the cross-section, time-series and pooled data. Second, the empirical tests are performed with returns on individual stocks as well as momentum, size and country portfolios with both equal-and value-weighting schemes. Third, the paper uncovers an interesting finding that the time-variation in realised returns on both the past "winner" and "smallest size" portfolios are associated with the market return in a non-linear manner.
The tests of the higher-moment CAPM market models on momentum portfolio returns are crucial since the momentum phenomenon documented by Jegadeesh and Titman (1993) remains difficult to explain (see, e.g., Fama and French, 1996; and Korajczyk and Sadka, 2004 ; among others). Also, recent research has suggested that the size and book-to-market factors of Fama and French (1996) , which explain the size effect first documented by Banz ( 1981) , may be proxies for higher-order systematic co-moments of returns (Chung et al., 2006) . In addition, Hung (2007) shows that both momentum and size effects are partly attributable to coskewness and cokurtosis risks. Fuertes, Miffre and Tan (2005) also point out that momentum returns are related to non-normality risk. Kraus and Litzenberger (1976) advocate the three-moment CAPM that incorporates the return distribution's third-order systematic co-moment (coskewness). A number of studies have provided evidence that coskewness helps explain the cross-section of stock returns (Friend and Westerfield, 1980; Barone-Adesi, 1985; Lim, 1989, Harvey and Siddique, 2000; Smith, 2007; and Errunza and Sy, 2005) . Fang and Lai (1997) and Dittmar (2002) extend the analysis and present evidence of the pricing of fourth-order systematic co-moment (cokurtosis). Christie-David and Chaudhry (2001) also provide evidence for the pricing of cokurtosis in futures markets. To explain the time-series of returns, Kraus and Litzenberger (1976) derive a quadratic market model that is consistent with the three-moment CAPM, but without performing empirical tests. Hung, Shackleton and Xu (2004) show that the square and cube of the excess market return are modestly significant in explaining the size effect.
In a similar vein, Ranaldo and Favre (2006) reported non-linear relationships between some hedge fund indices and market returns. Harvey, Liechty, Liechty and Muller (2004) evaluated the use of the higher moments of multivariate returns in portfolio selection and, on the basis of a Bayesian framework for incorporating the higher moments into the portfolio selection decision, demonstrated their importance in respect of maximizing expected utility. Davies, Kat, and Lu (2005) and Cremers, Kritzman and Page (2005) also demonstrated that the higher moments are particularly important in portfolio selection and allocation decisions of hedge funds since the return distributions associated with this asset class are typically highly skewed and leptokurtic (e.g., Brulhart and Klein, 2005) .
The purpose of this paper is to provide further evidence on these issues by analysing nonlinear market models using weekly return data that are typically even less normally distributed than monthly data (e.g., Chung, Johnson and Schill, 2006) , but also provide a larger number of observations than is available from monthly data. Hence, our use of weekly data may provide significant advantages in terms of revealing the existence of any non-linear market return dependencies. The paper finds that, though the quadratic market model does not outperform the linear CAPM in terms of predicting one-period-ahead returns, it does contribute significant incremental explanatory power in respect of the ex post time-variation in returns on both the winner and the small size portfolios. In contrast, the cube of market return deviation does not explain a significant proportion of the return variations of any of the portfolio sorts. Overall, the evidence from the tests with returns on individual stocks, momentum, size and country portfolios confirms the above findings and the evidence is robust to both equally and value-weighted portfolios and portfolios constructed using either all stocks in the sample or the U.S. stock sub-sample. The discrepancy between the ex post explanatory power and ex ante predictive ability of the quadratic market model may be due to the parameter uncertainty which arises from the need to estimate unknown parameters from observed information (Williams, 1977; Breanan and Xia, 2001; and DeMiguel and Nogales, 2007) as well as the possibility of time-varying and unstable predictive relations (Paye and Timmermann, 2005; and Lewis, 2006) . The rest of this paper is structured as follows. Section 2 presents descriptive statistics of the sample. Section 3 specifies the cubic-market model and evaluates models in time-series of returns. Section 4 presents the methodologies for analysing the return predictability of the models. Section 5 reports the results of the return predictability tests. Section 6 provides robustness checks with the U.S. sample. This section further analyses a cubic model with orthogonal market terms and discusses parameter uncertainty. Section 7 concludes. The appendix summarises the quadratic and the cubic market models that are consistent with, respectively, the three-and four-moment CAPM.
Data and descriptive statistics of the sample
The empirical analyses focus on weekly U.S. dollar denominated stock returns (including dividends and capital gains). The market values (shares outstanding times prices) of the stocks are measured at the end of each week and the London Financial Times Euro dollar one-week rates (which serves as a proxy for the risk free rate) are collected from Datastream. The sample covers nineteen countries including Canada, the United States, Belgium, Denmark, Finland, France, Germany, Italy, the Netherlands, Norway, Spain, Sweden, Switzerland, the United Kingdom, Australia, Hong Kong, Japan, Singapore and Taiwan and covers the 954-weeks from 22 September 1987 to 27 December 2005. The dataset includes both listed and delisted firms to mitigate any survivorship bias but excludes all non-common equities and companies listed outside of their domestic exchanges and all stocks with prices below $1 1 . To be included in the analysis, a stock had have both return and market value data for the respective analysis period. It is worth noting that the weekly returns are not contemporaneous across markets due to the different opening and closing times of each market.
[Insert Table 1 The sample is very carefully screened by using all methods suggested by Ince and Porter (2006) . The detailed procedures also involve checking company names to help verify their types and identifying geographical base, traded exchange name and traded currency for the common shares of each company. The padded zero return records at the end of each stock's history are also removed.
value of companies in some countries exhibited a decrease in 1996, which might be due to more company incorporations and listings of small size firms than those of large companies in early 1990's. Panel B of Table 1 reports descriptive statistics in terms of U.S. dollar returns of the value-weighted country portfolios constructed from the sample stocks in each country. The return distribution of the value-weighted global market portfolio constructed from all sample stocks has a mean weekly return of 0.17%, a standard deviation of 2%, a negative skewness of -1.33, a kurtosis of 14.71 and, according to the Jarque-Bera test, is significantly different from normal at 1% confidence levels. Indeed, the return distributions of all the nineteen countries are long-tailed (leptokurtic) and significantly different from normal at the 1% level. Panel C of Table 1 shows the descriptive statistics expressed in U.S. dollar returns of the equally-weighted country portfolios. The return distribution of the equally-weighted global market portfolio constructed from all sample stocks has a mean weekly return of 0.32%, a standard deviation of 1.68%, a negative skewness of -2.01, a kurtosis of 21.9, and is significantly different from normal at 1% confidence levels. As in the case of the value-weighted portfolios, the return distributions of all the nineteen equallyweighted country portfolios are significantly different from normal at the 1% level.
3. Time-series tests on return explanatory ability of models
Model specification
This section examines whether the time-series variations in returns for the momentum and size portfolios are non-linearly associated with market returns using the following regression: 
2 Equation (1) gives definitions of security beta, gamma and delta that are consistent with the four-moment CAPM. Details are given in the appendix.
where R pt and R ft are respectively the return on portfolio p and the risk-free asset at time t.
R mt is the return at time t on the value-weighted global market portfolio constructed from all sample stocks. The notation mt R is the mean value of R mt for the entire sample period. All returns are expressed in U.S. dollar terms. Table 2 shows that the mean excess market return, (R m -R f ), during the time-series test period is 0.08% per week. The excess market return is negatively correlated with the squared market return deviation with a statistically significant coefficient of -0.36. The excess market return is also significantly correlated with the cubed market return deviation
3 with a coefficient of 0.43. The squared and cubed market return deviations are negatively and significantly correlated with a correlation coefficient of -0.9. In Panel C of Table 2 , the Spearman's rank correlation, which does not require the variables to be normally distributed, shows that the excess market return and the cubed market return deviation are highly correlated with a coefficient of 0.999. The correlation structure between the variables suggests the existence of multicollinearity. Thus, the magnitude of the coefficient estimates can change due to changes in the model specification such as the addition or deletion of an explanatory variable. In order to examine the robustness of the results with respect to collinearity, I further perform the tests using orthogonal market factors in Section 6.2.
[Insert showing that these models cannot completely describe the return variations of the momentum portfolios.
Time-series regression results
[Insert Table 3 about here]
In explaining the time-series returns of the smallest and the biggest size deciles, Panel B
shows that C 1 is highly significant in every model and is especially so for the biggest size decile. The linear CAPM has an insignificant intercept and explains 95% of the return variations for the biggest size decile. This is not surprising since, by construction, the valueweighted market portfolio and the biggest size decile portfolio are necessarily highly correlated, i.e., the value-weighted market portfolio is dominated by the returns of the largest firms. For the smallest size decile, the linear CAPM displays a significant intercept and a lower market beta with the R 2 of 30%. This result appears to confirm much previous research that has shown that the CAPM is generally a poor model in terms of explaining the returns on small size stocks (see, e.g., Banz, 1981) .
The tests next examine whether the inclusion of the squared market return deviation increases the power of the models in terms of explaining returns. For the smallest size decile portfolio, the slope coefficient, C 2 , of the squared market term is statistically significant and negative in both Models 2 and 4. The F-statistic is significant at the 1% level for the inclusion of the squared market return deviation. However for the biggest size decile, the slope coefficient, C 2 is statistically insignificant. The inclusion of the cubed market term does not appear to exert any significant influence in respect of explaining the returns of either portfolio as neither of the model estimates have significant C 3 coefficients.
Overall, the linear CAPM explains the time-variation in returns on the biggest size decile relatively well. The squared market return deviation contributes incremental power toward explaining the time-variation in returns of the small size stock portfolio. However, all four models have significant intercepts which indicates that these models are unable to completely describe the return variations arising from size-sorted portfolios.
Return predictability tests of non-linear market models
This section performs three tests to study the relative performance of the higher-moment December 2005. In addition, the 19 country portfolios using both equally-and valueweighting schemes, are formed and tested.
The tests involve three stages. The first two stages that estimate model parameters and predict asset returns are the same for all the three tests. The only difference in tests occurs in the third stage where either cross-sectional, time-series or pooled regressions of realised returns on model predicted returns are undertaken. Firstly in each period t = τ for each risky asset, the intercept and slope coefficients of Equation (1) are estimated on a rolling basis from a time-series regression by using the previous 150 weeks of returns from τ -149 to τ.
In the second stage, the parameter estimates of the model are used to obtain the one-periodahead return for each risky asset by incorporating realised returns on the global market portfolio and the risk-free rate at time t + 1 according to:
where , The parameter estimation and return prediction procedures are also performed for the quadratic-market model as in (3) and (4) and for the linear-market model as in (5) and (6):
Cross-sectional regressions of realised returns on predicted Returns
Having obtained the predicted returns from the first two stages, this third stage test performs cross-sectional regressions of realised excess returns on predicted returns for risky assets in each period to examine the return predictability of models according to: The above regression examines whether the cross-sectional variability in model predicted returns explains realised asset returns. Once the intercept and the slope coefficient of (7) for each cross-sectional period are obtained, they are then averaged across all periods as:
where λ jt is the parameter estimate for period t and T is the number of cross-sectional periods in the sample; j = 0 for the intercept and 1 for the slope coefficient.
The p-value for testing the significance of each parameter is the p-value corresponding to the t-statistic that is calculated by the mean of the parameter divided by its standard error,
where std λj is the standard deviation of λ j .
If the cross-sectional variation in model predicted returns explains one-period-ahead realised returns, the intercept λ 0 should be insignificantly different from zero, the coefficient λ 1 should be close to unity and significantly different from zero. However, the model adjusted R 2 will still be lower than 100% due to idiosyncratic risk of assets. Thus, by comparing the coefficient significance of λ 0 and λ 1 and the adjusted R 2 s of the different models, it is possible to infer whether the higher-moment CAPM market models have a greater ability in predicting one-period-ahead asset returns than the linear CAPM.
Time-series regressions of realized returns on predicted returns
This test performs the third stage time-series regression of realised excess returns on predicted returns for each risky asset over the entire period according to: The above time-series regression examines whether the predicted one-period-ahead returns explains realised returns for each individual asset. Once the intercept and the slope coefficient of (10) are obtained for each asset in the sample, they are then averaged across assets as:
where λ jp is the parameter estimate for asset p and N is the number of assets in the sample; j = 0 for the intercept and 1 for the slope coefficient.
Pooled regressions of realised returns on predicted returns
This final third stage test consists of a pooled regression of realised excess returns on predicted returns for all risky assets. This method has the advantage of avoiding averaging coefficients and the adjusted R 2 s over cross-sectional periods or across assets and thus is expected to produce more precise results than the previous two methods.
The pooled regressions are estimated according to Equation (13) ε + is the residual across assets and over time periods. The residuals are assumed to be independent of the predicted returns and have a zero mean with finite variance as discussed by Sayrs (1989) and Petersen (2007) , but are not assumed to be independently and identically distributed. The standard errors are corrected for withincluster correlation and heteroskedasticity using the methods of Petersen (2007).
Results of return predictability tests
Cross-sectional results of realised returns on predicted returns
Individual stocks [Insert Table 4 about here]
The results show that the linear market model has the smallest, but still significant, intercept λ 0 , a highly significant λ 1 coefficient of 0.39 and the highest adjusted R 2 among all three models. The cubic market model produces the smallest but significant λ 1 and the lowest adjusted R 2 among the three models. Overall, the linear market model appears to provide the best performance in terms of predicting the one-period-ahead stock returns.
The low adjusted R 2 s of all models may be due to three reasons. The first possible explanation is the high level of idiosyncratic risk associated with individual stocks. The second candidate is the errors-in-variables (EIV) problem pointed out by Kim (1997) . The coefficient estimates (C 0, C 1 , C 2 and C 3 ) in the first stage for individual stocks may be excessively noisy, which leads to imprecise estimates of predicted returns in the second stage. Hence, the EIV problem reduces the ability of the models to predict one-period-ahead return and also produces downward biases to the magnitude of λ 1 . Finally, the predicted returns may be centring on the mean returns implied by the models and thus the variability of predicted returns is lower than that of the realised stock returns. Consequently, the ability of the models to predict one-period-ahead return is reduced. Examining model performance with portfolio returns may help to cure these potential problems because the formation of portfolios largely removes idiosyncratic risk and reduces the noisy components in the coefficient estimates. In addition, the variability of realised portfolio returns is smaller than that of individual stocks.
Portfolios
There are 930 observations of weekly portfolio returns from 8 March 1988 to 27 December 2005 for each of the 100 momentum and size and 19 country portfolios. The intercept and slope coefficients of Equations (1), (3) and (5) In the third stage, the cross-sectional regressions estimated using Equation (7) of realised excess portfolio returns on the model predicted returns is performed in each week.
[Insert Table 5 about here] Table 5 are much higher than those estimated in respect of the individual stocks (see Table 4 ). This suggests that portfolio formations, due to reduced errors in coefficient estimation caused by return outliers of individual stocks and decreases in idiosyncratic risk, improve model performance. Also, according to Kraus and Litzenberg (1973) , asymptotic bias is reduced by portfolio formation when measurement errors are less than perfectly correlated.
Time-series results of realised returns on predicted returns
Individual stocks Table 6 shows the results of the time-series tests with individual stocks. A time-series regression as detailed in Equation ( [Insert Table 6 about here]
Comparing the results presented in Table 6 to those in Table 4 for individual stocks, we see that although relying on the same information, time-series tests generate better model performance than cross-sectional tests. This is because the regression is conducted in timeseries to obtain λ 0 and λ 1 for each stock and then these λ's are averaged across stocks and thus the results are less noisy than those obtained from the cross-sectional tests where idiosyncratic risk across stocks is much higher. Table 7 reports the results from the time-series tests with portfolio returns. Panel A of Table   7 shows the results for the size portfolios. The linear market model has a statistically insignificant intercept and a λ 1 coefficient that is the closest to unity among all the models.
Portfolios
Both the quadratic and the cubic market models have statistically significant intercepts and a very similar level of overall performance. For both equally and value-weighted momentum sorts in Panel B of Table 7 , all three models show a similar overall performance. Panel C presents the results of the country sorts. For both equally-weighted and value-weighted portfolios, the linear market model has the highest and the most significant λ 1 estimate among all the models. The cubic market model has the lowest λ 1 estimate and model adjusted R 2 . Overall the results of the tests of the size, momentum and country portfolios, indicate that the linear market model performs best among the three models. Comparing the results to those presented in Table 5 for the cross-sectional tests with portfolio returns, the time-series results display much higher λ 1 s and model adjusted R 2 s than the cross-sectional results.
[Insert Table 7 about here]
Pooled regressions results of realised returns on predicted returns
Individual stocks Table 8 reports the results of the pooled regression tests with individual stock returns. A pooled regression as detailed in Equation (13) Table 4 , 6 and 8 provide no evidence that the non-linear market models have a greater ability to predict one-periodahead returns than the linear CAPM.
[Insert Table 8 about here] Portfolios Table 9 presents the results of the pooled regressions using portfolio returns. [Insert Table 9 about here]
Robustness of the results
Subsample analysis
This section examines the U.S. sub-sample, which has the largest number of stocks and total market value of all the 19 countries in the sample. This US analysis allows the tests to relax among all three models.
[Insert Table 10 about here] Table 11 shows the time-series test results for the U.S. sample. Overall the results confirm the findings from the whole sample that, for both the equally and value-weighted portfolios sorted by size and momentum, the quadratic and the cubic market models do not appear to perform better than the linear market model. Table 12 shows the results of the pooled regression tests for the U.S. sample. Overall the results again confirm the findings from the whole sample that, for both the equally and value-weighted portfolios sorted by size and momentum, the quadratic and the cubic market models do not outperform the linear market model in predicting one-period-ahead return.
[Insert 
Parameter uncertainty
Overall, the results indicate that the square of the market return deviation contributes incremental explanatory power to the linear CAPM for contemporaneous time-series returns on both the winner and the small size portfolios. However, as shown in Section 5, the higher-moment CAPM market models do not perform well in predicting the one-periodahead returns. The discrepancy between the explanatory power and predictability of models may reflect higher parameter uncertainty which impinges on forecast accuracy at weekly data frequencies. Parameter uncertainty stems from the fact that the true parameters of a given return model are unknown and must be estimated or inferred from observed information (Williams, 1977; Breanan and Xia, 2001 ). However, the limited availability and distributional characteristics of observed data introduce random noise and hence hamper precise parameter estimation (DeMiguel and Nogales, 2007) . Moreover, the regression coefficients of the return forecasting models may be unstable and subject to changes over time (Paye and Timmermann, 2005) . Lewis (2006) also provides evidence of changes in asset pricing relationships over time using weekly stock returns.
Indeed, weekly returns data tend to be more skewed and leptokurtic than monthly data (Brown and Warner, 1985; and Chung et al., 2006) as significant weekly price movements occur more frequently and entail more extreme return observations. By contrast, lower frequency return data tend to smooth out the impacts of extraordinary events happening in a particular period. The point estimates of the slope coefficients of the squared and cubed market terms are more sensitive to the sign and extreme values of realised returns than that of the linear market term. Consequently, the coefficients of the higher-moment terms are estimated with significant uncertainty and perturbations of the estimates induce noisy predictions for one-period-ahead returns. To mitigate the problem, Williams (1977) suggests continuous updating in prior beliefs on parameters to allow for information accumulation over time. The analysis in this paper carries out a rolling-estimation approach to allow for continuous updating of parameter estimates as in Chordia and Shivakumar (2002) for predicting one-period-ahead return.
Conclusions
Recent literature supports the higher-moment CAPM in pricing stock returns. This paper first poses the question whether the quadratic and cubic market models, respectively consistent with the three-and four-moment CAPM, explain time-series of returns on size and momentum portfolios at weekly data frequencies. The analysis uncovers some interesting findings, in particular, that both the winner and small size portfolios are associated with the market in a non-linear manner and that the squared market return deviation contributes incremental power in explaining the time-variation in returns on these portfolios.
Second, this paper has explored the question as to whether the higher-moment CAPM market models are able to perform better than the linear CAPM in predicting one-periodahead returns for individual stocks and equally-and value-weighted portfolios of size, momentum and country sorts. The empirical tests adopt cross-sectional, time-series and pooled regressions of realised returns on returns predicted by the models. The answer is surprising but important. The test results using both international and the U.S. data indicate that non-linear market terms do not provide incremental power to the linear CAPM in predicting one-period-ahead returns. The apparently weak roles of non-linear market terms in predicting one-period-ahead returns at weekly data frequency may be due to parameter uncertainty on the quadratic and cubic market factors. Future research could apply different econometric methodologies for comparing results and thus draw more robust conclusions on the return predictability of higher-moment CAPM market models. The framework of Harvey, et al. (2004) which addresses both parameter uncertainty and higher moments using a posterior predictive approach might represent a new frontier for research in this area.
Appendix The Four-Moment-Consistent Cubic-Market Model
This appendix extends the derivation of Kraus and Litzenberger (1976) for the quadratic market model of Equation (3) 
where R f is the risk-free rate and i β , i γ and i δ , are defined as in Equation (15). β η , γ η and δ η are the market prices of beta, gamma and delta, respectively.
where R i, and R m are returns on risky asset i and the market portfolio, respectively. A cubic-market model of the following form is consistent with Equation (14),
where R it, R ft and R mt are returns on risky asset i, risk-free asset and the market at time t respectively. The notation m R is the mean market return. Express Equation (16) 
Multiplying both sides of Equation (17) 
Similarly, multiplying both sides of Equation (17) 
Finally, multiplying both sides of Equation (17) 
The left hand side expressions of Equations (18), (19) and (20) Table 3 Competing Models in Time-Series Regressions of Portfolio Returns Time-series regressions are performed for evaluating models in explaining returns of the winner and loser deciles, and the smallest and the largest size deciles. The p-values of slope coefficients in parentheses are calculated by applying the Newey-West heteroskedasticityand-autocorrelation-consistent standard errors. The F-stat is for testing whether the inclusion of additional explanatory variables to the linear CAPM increases explanatory power. The asterisk of *** denotes the significance at 1% level. 
Cross-Sectional Regressions for Realised on Predicted Returns of Individual Stocks
The Table reports 
where std ηj is the standard deviation of λ j . (9) To compute model predicted stock returns, the intercept and slope coefficients of Equations (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each stock by using previous 150 weeks of returns in U.S. dollar on stocks and the value-weighted global market portfolio computed using all sample stocks. Once loadings are estimated, they are used to predict one-period-ahead stock returns by incorporating realised market return into Equations (2), (4) and (6) (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each portfolio by using previous 150 weeks of returns in U.S. dollar on portfolios and the valueweighted global market portfolio computed using all sample stocks. Once loadings are estimated, they are used to predict one-period-ahead portfolio returns by incorporating realised market return into Equations (2), (4) and (6) (11). The p-value displayed in parentheses for testing the significance of each coefficient is the p-value corresponding to the t-statistic calculated as in Equation (12 ( 12) To compute model predicted stock returns, the intercept and slope coefficients of Equations (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each stock by using previous 150 weeks of returns in U.S. dollar on stocks and the value-weighted global market portfolio computed using all sample stocks. Once loadings are estimated, they are used to predict one-period-ahead stock returns by incorporating realised market return into Equations (2), (4) and (6) (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each portfolio by using previous 150 weeks of returns in U.S. dollar on portfolios and the valueweighted global market portfolio computed using all sample stocks. Once loadings are estimated, they are used to predict one-period-ahead portfolio returns by incorporating realised market return into Equations (2), (4) and (6) 
To compute model predicted stock returns, the intercept and slope coefficients of Equations (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each stock by using previous 150 weeks of returns in U.S. dollar on stocks and the value-weighted global market portfolio computed using all sample stocks. Once loadings are estimated, they are used to predict one-period-ahead stock returns by incorporating realised market return into Equations (2), (4) and (6) for the cubic-, quadratic-and linear-market models, respectively. (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each portfolio by using previous 150 weeks of returns in U.S. dollar on portfolios and the valueweighted global market portfolio computed using all sample stocks. Once loadings are estimated, they are used to predict one-period-ahead portfolio returns by incorporating realised market return into Equations (2), (4) and (6) (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each portfolio by using previous 150 weeks of returns in U.S. dollar on portfolios and the valueweighted U.S. market portfolio computed using all sample stocks in the U.S. markets. Once loadings are estimated, they are used to predict one-period-ahead portfolio returns by incorporating realised market return into Equations (2), (4) and (6) (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each portfolio by using previous 150 weeks of returns in U.S. dollar on portfolios and the valueweighted U.S. market portfolio computed using all sample stocks in the U.S. markets. Once loadings are estimated, they are used to predict one-period-ahead portfolio returns by incorporating realised market return into Equations (2), (4) and (6) (1), (3) and (5) are estimated each week on a rolling basis during the 780 weeks from 15 January 1991 to 20 December 2005 for each portfolio by using previous 150 weeks of returns in U.S. dollar on portfolios and the valueweighted U.S. market portfolio computed using all sample stocks in the U.S. markets. Once loadings are estimated, they are used to predict one-period-ahead portfolio returns by incorporating realised market return into Equations (2), (4) and (6) 
